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Abstract. The climatic variables in protected agriculture are essential factors for
the plant growth and, in general, of the entire crop. A good forecast of variables
such as the internal temperature could help farmers to prevent losses in the
harvest. In the present paper, the temperature forecast inside a greenhouse is
obtained by implementing Deep Learning tools. The topology used for the
temperature forecast was Recurrent Neural Networks (RNN) with Long-Short
Term Memory (LSTM) algorithm. It is a type of neural network known to be
suitable for processing time-series data. The analysis is performed with the many
to one configuration for three input elements and one output element. The metrics
used for the data analysis and validation (RMSE, MAE, R?, and Ce); it was
observed that they significantly improve when the internal temperature is
incorporated as part of the input elements in the combinations for forecasting.
The results obtained with the RNN-LSTM provide RMSE values less than 0.30
and R? greater than 0.90, with a forecast interval of one hour into the future for
Internal Temperature. It is shown that the LSTM algorithm within the RNN is an
effective tool for a good forecast in time series, significantly helping the forecast
of climatic variables in protected agriculture.
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1 Introduction

A good of climatic variables is essential for outstanding management in agriculture,
either in the open air or in greenhouses. Therefore, a correct action that helps the
observation and reasonable interpretation of the variables is through monitoring [1].

In the fourth industrial revolution, digital technology is made from integrating data
and the connection of resources, creating an efficient and sustainable.
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It has a presence in the agricultural world by implementing Intelligent components,
creating interconnection of systems and machines. Its main objective is to have better
production systems through the adaptability of monitoring and control systems,
increasing the efficiency of production systems, fundamentally by optimizing energy
consumption, machinery automatic control, water usage, fertilizers, and phytosanitary
products, giving rise to what has been called Precision Agriculture [29]. Agriculture
4.0 uses technologies such as the Internet of Things, Big Data, Artificial Intelligence,
Embedded Systems, Cloud Computing, Remote Sensing, among others, part
of Industry 4.0.

Applications of these technologies can significantly improve the efficiency of
agricultural activities [24, 25, 26]. Low-cost sensors and actuators can now connect to
network platforms and upload their data to a remote database where Big Data analysis
can occur. These network platforms aim to optimize the production efficiency,
increasing quality, minimizing environmental impacts, and reducing the use of
resources such as energy, water, and other consumables [27, 28] conducted a survey on
the application of Big Data to agriculture.

They have pointed out that Big Data is now used to provide farmers with predictive
insights in agricultural operations and operational decisions in real-time from
monitoring by implementing artificial intelligence as a prediction system. Miranda et
al. [4] mention the great importance of carrying out effective monitoring of the
climatological variables of interest. In the present investigation, monitoring is carried
out considering the variables of most significant interest for the study to make an
efficient prediction of the internal temperature, to anticipate the appearance of possible
problems in the culture [5].

The monitoring carried out in this research is carried out using advanced
computational tools and since, in present investigations, strategies have been carried
out through Artificial Intelligence (Al) to detect levels of interest in the behavior of the
variables, guaranteeing the control and efficiency in crop productivity. [6]. Recurrent
Neural Networks (RNN) are one of the Al topologies that have been used in recent
years with acceptable results for the prediction of time series. RNN functions accurately
as an identifier of trends for data and patterns are suitable for forecasting applications
such as Deep Learning (DL) [2].

Jha et al. [8] show the RNN supplemented with the Long-Short Term Memory
(LSTM) algorithm as predictors with levels of reliable precision if fed with a significant
set of variables of interest for the prediction of time series in forecasting models for
greenhouses. Jung et. al [9] as well as Hongkang et. al [10] propose models based on
RNN with LSTM (RNN-LSTM) algorithms [11]. Gharghory [11] uses metrics such as
the Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient
of variance to evaluate the prediction precision of an RNN-LSTM model and compare
it to other models [3].

In this study, an approach to forecasting the internal temperature of a greenhouse is
developed using external and internal climate data captured for a given period by a
weather station and sensors connected to it.

Different RNN-LSTM structures configured through hyperparameters of interest
were trained and tested with collected data. All RNN-LSTM were evaluated with
metrics suggested in [11] and compared with different forecast approaches to assess the
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goodness and suitability of this approach for the greenhouse internal
temperature forecasting.

The LSTM algorithm has a significant advantage in expanding the memory capacity
of the neural network. This characteristic leads to keeping a vast set of background data
as a reference for the forecasting system. Keeping a large amount of data can
significantly impact the accuracy of the prediction, reducing the RMSE and MAE to
0.5 and 0.004, respectively [2].

2 Related Works

Numerous investigations have been carried out with the objective of forecasting
temperature, humidity, solar radiation, and other variables within protected
environments such as greenhouses. All these are to determine the growth behavior of
the crop [9]. There are several forecasting models.

However, in recent years’ predictors based on Artificial Neural Networks have
gained importance due to the range of tools provided by Machine Learning and the
structures of algorithms. Dae-Hyun et al. [9] show comparisons between different
structures considering various learning algorithms for the time series prediction.
Abdulkarim et al. [11] show the advantage of the RNN, which can feedback the neuron
output signal to the same neuron in the next time step.

The metrics usually used to assess LSTM prediction performance are the mean
square error (MSE), the mean absolute error (MAE), the mean absolute percentage error
(MAPE), the square root of the mean square error (RMSE), and the Nash-Sutcliffe
coefficient of efficiency (NSCE) [9, 11]. The LSTM algorithm has a significant
advantage in expanding the memory capacity of the neural network. This characteristic
leads to keeping a vast set of background data as a reference for the forecasting system.
Keeping a large amount of data can significantly impact the accuracy of the prediction,
reducing the RMSE and MAE to 0.5 and 0.004, respectively [2]. Singh [16] implements
the RNN-LSTM to work with time series to forecast the Temperature and Relative
Humidity inside a greenhouse.

For the temperature model, the metrics implemented for its validation were the
MAE, RMSE, and R?, obtaining MAE values of 0.488 for the temperature forecast,
guaranteeing that the reliability of the forecast is within £1°C. The RMSE obtained is
0.865, and the coefficient of determination R? is 0.953, which indicates that the general
dispersion is small and does not cause a significant error with the observed temperature.

The RNN-LSTM training datasets can be selected in two ways. One way can be with
90% of the data sequence and the remaining 10% for testing and validation of the
network. The other way is with 80% of the data sequence for training and the remaining
20% for network testing and validation. All the data must be normalized [3].

3 Methodology

The present research work presents new contributions for forecasting the green-house
internal temperature using RNN and Deep Learning, using the Long Short-Term
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Table 1. Climate Variables considered for this study.

Nomenclature Climate Variable Units
Ti Internal Temperature °C
To External Temperature °C
Ho External Humidity %
Hi Internal Humidity %
Di Dew Point %
Rs Solar Radiation W/m?

Fig. 1. Davis Vantage Pro 2 Weather Station.

RNN LSTM |
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Fig 2. Data flow at time step t, Copyright 2020 by MathWorks Inc.

Memory (LSTM) algorithm as the one presented by Hochreiter and Schmidhuber in
1997 [17].

The data collection of the climatic variables was carried out inside (Internal
Temperature and Relative Humidity) and outside (External Relative Humidity, Solar
Radiation, Outdoor Temperature, Wind Direction, and Wind Speed) a greenhouse
(Table 1), using a Davis Vantage Pro2 meteorological station (Fig.1).

The greenhouse has a curved roof (165m2in area, 27.5 m long, 6 m wide) and plastic
cover. It is traditionally used without any climate control equipment inside and relies
only on natural ventilation.

The greenhouse is in the Mezquitera Sur, Juchipila, Zacatecas, Mexico. The data
collection was carried out from July 12, 2020, to November 6, 2020, with a 5-minute
sampling time for all the climatic variables of interest. A total of 33,696 samples were
recorded for training and testing of the RNN-LSTM.

The RNN-LSTM topology is based on a generalization of the feedforward neural
network that has internal memory. RNN is recurrent at the neuron level as the neuron
output is calculated using the current inputs and its previous output. The RNN considers
the current inputs and the output that it has learned from the before deciding.
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Table 2. Components of the data flow over time t.

Nomenclature Definition Formula
i Input Gate iy = o(Wix; + Rihi_q + b;)
fi Forgate Gate fe = o(Wpxe + Rehy_y + by)
C; Cell C = tanh(VI{qxt + Rghy_q + bg)
candidate
0; Ouput Gate 0 = c(Wyxy + Rohye_1 + by)

Table 3. Hyperparameter settings sets.

Parameter Value1l Value2 Value3 Value4 ValueS Value 6 Value7
Input Size 3 3 3 3 3 3 3
Number of Rsponses 1 1 1 1 1 1 1
Hidden Units 2 2 1 1 1 1 1
Number of Epochs 200 250 300 300 300 350 300
Mini Batch Size 720 650 620 620 620 800 700
Gradient Threshold 0.9 0.5 0.6 0.8 0.9 0.6 0.7
Learning Rate 0.02 0.1 0.001  0.005 0.001 0.002  0.005
Learn Rate Schedule 150 200 200 125 125 120 200
Learn Rate drop Factor 0.5 0.2 0.2 0.2 0.2 0.3 0.5

Number of hiden units 100 200 250 250 300 350 400

The ADAM algorithm was adopted to make the calculation of the LSTM network
more efficient. The architecture of the RNN-LSTM is observed in Fig. 2. The behavior
of the data flow over time t is shown in Table 2.
where ¢ is the sigmoid activation function for the entry, forgetting, and exit gates
respectively, the activation function tanh for the candidate gate, W the vector of
weights for the entry, forgetting, and exit gates respectively, the function activation
tanh for the candidate gate, R is the vector of recurring weights for the entry, forgetting,
candidate and exit gates, ht-1 is the output of the previous cell and b is the bias vector
for the entry gates, oblivion, candidate and exit respectively. The most important things
to consider when training and testing Neural Networks containing the LSTM algorithm
are hyperparameters. These can affect its precision and performance [18, 19, 9, 20].

In Table 3, all the hyperparameters to be considered are shown. For this type of
network, the most important are:

—  Learning rate,
—  Number of units of the hidden layer and,
—  Mini Batch Size [14].

The number of units in the hidden layer will influence the adjustment effect. If the
Mini batch size is too small, the training data will be challenging to converge, leading
to a mismatch. Many consulted papers start with a high learning rate and lower it as the
training goes on. We noted that the learning rate is very dependent on the network
architecture. If the learning rate is too large, the required memory will increase

ISSN 1870-4069 35 Research in Computing Science 150(11), 2021



Juan M. Esparza-Gomez, Héctor A. Guerrero-Osuna, Gerardo Ornelas-Vargas, Luis F. Luque-Vega

Table 4. Metrics for the evaluation of the efficiency of the RNN-LSTM.

Evaluation RMSE Cesr
Very Good <0.30 >0.91
Good 0.30-0.40 0.84-0.91
Acceptable 0.40-0.50 0.75-0.84
No Acceptable >0.50 <0.75

significantly [11]. The experimental environment consisted of an Intel (R) Core (TM)
15-9300H2.40 GHz quad-core processor with a 16 GB memory. The operating system
was Windows 10 64-bit; the programming was carried out in MATLAB software.

The various structures were obtained from the hyperparameters variation. Table 3
shows the different hyperparameter settings used for this work. The criteria for
evaluating the goodness and suitability of the network based on the fit are shown
in Table 4 [21]. The MAE is used to reflect prediction errors, and its range is
[0, +o0). When the predicted and observed values are identical, the MAE is zero,
indicating a perfect model. Significant errors lead to high MAE values [22].

Other metrics to consider in the analysis to check the goodness of the network are
the coefficient of determination (R?) and the Coefficient of efficiency (C.g) that help
determine the closeness of the predicted data with the observed data. Both coefficients
range is [0, 1], [9, 21]. The number of combinations made was obtained from five
variables of interest; the internal temperature was excluded, in arrays of 3 input
elements through formula 1:

n!

TR

(6]
where:

n = Total climatic variables considered.

r = Number of variables considered for each arrangement.

From this, a total of 10 combinations were obtained to perform the tests with the
RNN-LSTM. The metrics analyzed were the Mean Square Error (RMSE), the Absolute
Mean Error (MAE) [3], and the Determination Coefficient (R?) [23].

Later, seeking to improve the prediction results for the internal temperature (T;), the
five inputs combinations with best RMSE and C,¢ were selected, and one input variable
in each combination was substituted with the internal temperature, generating new
input combinations.

The RNN-LSTM was trained and tested with the 80-20 arrangement, 80%training
data, and 20% test data. The metrics analyzed were the Mean Square Error (RMSE),
the Absolute Mean Error (MAE) [3], and the Determination Coefficient (R?) [23].

4 Results

The best results for the RNN-LSTM training and testing were achieved with the
hyperparameters set shown in column Value 4 of Table 3. These results were validated
using the metrics shown in Table 5 and Table 6. The RMSE values shown in Table 5
have a range from 0.30027 to 5.5629.Fig. 3a, shows the forecast vs. actual value of an
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Table 5. Sequence of input-output variables (Many to one).

put Secuence RMSE MAE R? Cery
Hi-Id-Rs 0.3003 0.0095 0.9994 0.9
Hi-1d-To 0.3128 0.0123 0.9993 0.9
Hi-Id-Ho 0.3966 0.0099 0.9989 0.9
Id-Rs-Ho 1.4368 0.0471 0.9857 0.9
Hi-Ho-To 1.8531 0.0451 0.9762 0.9
Id-Ho-To 3.3477 0.0721 0.9223 0.9
Hi-To-Rs 3.4352 0.0783 0.9182 0.9
Id-Rs-To 4.2746 0.0730 0.8734 0.8
Ho-To-Rs 5.3143 0.0853 0.8043 0.8
Hi-Rs-Ho 5.5629 0.3228 0.7856 0.7

Table 6. Comparison of data obtained in the different training sequences (Many to one).

Input Secuence RMSE MAE R? Cefs
Hi-Id-Ti 0.1493 0.00407 0.9998 0.9998
Ho-To-Ti 0.1876 0.0077 0.9998 0.9998
Hi-Ti-To 0.2081 0.0075 0.9997 0.9997
Hi-Ho-Ti 0.2118 0.0059 0.9997 0.9997
1d-Rs-Ti 0.2507 0.0127 0.9996 0.9996
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Fig. 3. Behavior curves of the temperature forecast first sequence of input variables.

RNN-LSTM with 0.3 RMSE, while Fig. 3b, shows the forecast vs. actual value of an
RNN-LSTM with 5.5629RMSE. As for the MAE values from 0.0095 to 0.32. For
theR2coefficient, the range of values was 0.7856 to 0.9994, and C,¢ values from 0.9994
to 0.7970. Subsequently, a new training pattern for the RNN-LSTM using the internal
temperature (7;) within the input sequence as shown in the following Table 6 was tried
out. The results obtained had RMSE values from 0.14931 to 0.2507, MAE values from
0.00407 to 0.0127, and R?up to 0.9998, and C,g under to 0.2507, which presents a solid
test forecast relationship.
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Table 7. Comparison of parameters obtained.

Implemented model RMSE MAE R? Cefr
Hi-Id-Ti 0.1493 0.00407 0.9998 0.9998
Ho-To-Ti 0.1876 0.0077 0.9998 0.9998
Hi-Ti-To 0.2081 0.0075 0.9997 0.9997
Hi-Ho-Ti 0.2118 0.0059 0.9997 0.9997
Id-Rs-Ti 0.2507 0.0127 0.9996 0.9996
[32] (RNN) 1.7963 1.3431 - -
[32] (LSTM) 1.8044 1.3521 - -
[32] (EEMD-LSTM) 0.7098 0.5336 - -
[33] (RNN) 0.865 0.488 0.953 -
[31] (MLP-BPP) 0.711 0.558 0.980 -
[30] (CFD) 2.3518 2.0312 - -
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Fig. 4. Behavior curves of the temperature forecast, second sequence of input variables.

The forecast graphs (Fig. 4a and Fig. 4b) show the similarities and slight differences
between forecast and actual values. The prediction model makes forecasts very close
to the observed values. From the metrics obtained, it was observed that the five
sequences that contain T; yielded good forecast results of the greenhouse internal
temperature. In Table 7 a comparison of statistical metrics between this work and others
found in the literature for the same application is shown.

5 Conclusions

The obtained results show that the combination of RNN-LSTM algorithms and a good
selection of input variables can yield outstanding forecasting results. Metrics values
such as RMSE = 0.1493 and C, = 0.9998 were obtained, which are considered by the
literature as very good for the behavior of the RNN with LSTM algorithm. It is also
observed that the predicted values and the observed values are very close.

This is corroborated by the values of the coefficient of determination R? with results
0f 0.9998, and the MAE = 0.00407. These metrics values were achieved thanks to the
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relationship that exists between the internal dew (Id), internal relative humidity (Hi),
and the internal temperature (Ti)variables in the greenhouse.

The applied model of RNN-LSTM has proven to be a tool that generates a clear
interpretation of the training data. With a somewhat limited amount of data of 33,696,
80% of the data was enough to provide a model with excellent metrics when forecasting
the greenhouse’s internal temperature.

Future work is considered to make other prediction models using alternative ANN
topologies such as Convolutional Neural Networks with Long-Short Term Memory
algorithm (CNN-LSTM) and Support Vector Regression (SVR). This work will allow
a fair comparison for these topologies when they are applied to this application.

References

1. Rodriguez, S., Gualotuiia, T., Grilo, G.: A system for the monitoring and predicting of data
in precision agriculture in a rose greenhouse based on wireless sensor networks. Procedia
Computer Science, vol. 121, pp. 306-313 (2017) doi: 10.1016/ j.procs.2017.11.042

2. Poornima, S., Pushpalatha, M.: Prediction of rainfall using intensified Istm based recurrent
neural network with weighted linear units. Atmosphere, vol. 10, no. 11, pp. 1-18 (2019)
doi: 10.3390/atmos10110668

3. Xie, A, Yang, H., Chen, J., Sheng, L., Zhang, Q.: A short-term wind speed forecasting
model based on a multi-variable long short-term memory network. Atmosphere, vol. 12, no.
5, pp. 1-17 (2021) doi: 10.3390/atmos12050651

4. Castaiieda-Miranda, A., Icaza-Herrera, M., Castafio, V. M.: Meteorological temperature and
humidity prediction from fourier-statistical analysis of hourly data. Advances in
Meteorology, vol. 2019, pp. 1-13 (2019) doi: 10.1155/2019/4164097

5. Li-Li, G, Yong, L., Zi-Wei, L., Hua-Wei, S.: Application of particle swarm optimization
bp algorithm in air humidity of greenhouse crops. In: IOP Conference Series: Materials
Science and Engineering, vol. 565 (2019)

6. Izzatdin, A., Ismail, M. J., Haron, N., Mehat, M.: Remote monitoring using sensor in
greenhouse agriculture. In: 2008 International Symposium on Information Technology, pp.
1-8 (2008) doi: 10.1109/ITSIM.2008.4631923

7. Lu, Y.S., Lai, K. Y.: Deep learning-based power generation forecasting of thermal energy
conversion. Entropy, vol. 22, no. 10, pp. 1-15 (2020) doi: 10.3390 /22101161

8. Jha, K., Doshi, A., Patel, P., Manan, S.: A comprehensive review on automation in
agriculture using artificial intelligence. Artificial Intelligence in Agriculture, vol. 2, pp. 1—
12 (2019) doi: 10.1016/j.aiia.2019.05.004

9. Jung,D. H.,Kim, H. S., Jhin, C., Kim, H. J., Park, S. H.: Time-serial analysis of deep neural
network models for prediction of climatic conditions inside a greenhouse. Computers and
Electronics in Agriculture, vol. 173, pp. 2-11 (2020) doi: 10.1016/j.compag.2020.105402

10. Hongkang, W., Li, L., Yong, W., Fanjia, M., Haihua, W., Sigrimis, N. A.: Recurrent neural
network model for prediction of microclimate in solar greenhouse. IFAC-Papers Online,
vol. 51, no. 17, pp. 790-795 (2018) doi: 10.1016/j.ifacol.2 018.08.099

11. Abdulkarim, S. A., Engelbrecht, A. P.: Time series forecasting using neural networks: Are
recurrent connections necessary? neural processing letters, vol. 50, pp. 2763-2795 (2019)
doi: 10.1007/s11063-019-10061-5

12. Wang, K., Qi, X., Lui, H.: Deep belief network-based k-means cluster approach for short-
term wind power forecasting. Energy, vol. 165, pp. 840-852 (2018) doi:
10.1016/j.energy.2018.09.118

13. Zhang, X., Zhang, G., Nie, Z., Gui, Z., Que, H.: A novel hybrid data-driven model for daily
land surface temperature forecasting using long short-term memory neural network based

ISSN 1870-4069 39 Research in Computing Science 150(11), 2021



Juan M. Esparza-Gomez, Héctor A. Guerrero-Osuna, Gerardo Ornelas-Vargas, Luis F. Luque-Vega

on ensemble empirical mode decomposition. Int. J. Environ. Res. Public Health, vol. 15, no.
5, pp. 1032 (2018) doi: 10.3390/ijerph15051032

14. Karevan, Z., Suykens, J.: Transductive LSTM for time-series prediction: An application to
weather forecasting. Neural Networks, vol. 125, pp. 1-9 (2020) doi:
10.1016/j.neunet.2019.12.030

15. Tran, T. T. K., Bateni, S. M., Ki, S. J., Vosoughifar, H.: A review of neural networks for air
temperature forecasting. Water, vol. 13, no. 9, pp. 1294 (2021) doi: 10.3390/w13091294

16. Singh, V. K., Tiwati, K. N.: Prediction of greenhouse microclimate using artificial neural
network. Applied Ecology and Environmental Research, vol. 15, no. 1, pp. 767-778 (2017)
doi: 10.15666/aeer/1501 767778

17. Nacimento, S., Valdenegro-Toro, M.: Modeling and soft-fault diagnosis of under-water
thrusters with recurrent neural networks. IFAC-PapersOnLine, vol. 51, no. 29, pp. 80-85
(2018) doi: 10.1016/j.ifacol.2018.09.473

18. Outanoute, M., Lachhab, A., Ed-Dahhak, A., Selmani, A., Guerbaoui, M., Bouch-ikhi B.:
A neural network dynamic model for temperature and relative humidity control under
greenhouse. In: 2015 Third International Workshop on RFID and Adaptive Wireless Sensor
Networks (RAWSN), pp. 6-11 (2015) doi: 10.1109/ RAWSN.2015.7173270

19. Ali, A., Hassanein, H. S.: Wireless sensor network and deep learning for prediction
greenhouse environments. In: International Conference on Smart Applications,
Communications and Networking (SmartNets), pp. 1-5 (2019) doi: 10.1109/Smart
Nets48225.2019.9069766

20. Geng, D., Zhang, H., Wu, H.: Short-term wind speed prediction based on principal
component analysis and LSTM. Appl. Sci. 2020, vol. 10, no. 13, pp. 4416 (2020) doi:
10.3390/app10134416

21. Agana, N. A., Homaifar, A.: EMD-Based predictive deep belief network for time series
prediction: An application to drought forecasting. Hydrology, vol. 5, no. 1, pp. 18 (2018)

22. Pérez, 1., Godoy, A.: Neural networks-based models for greenhouse climate control. In:
Actas de las XXXIX Jornadas de Automatica, pp. 875-879 (2018) doi:
10.3390/hydrology5010018

23. Hua, Y., Guo, J., Zhao, H.: Deep belief networks and deep learning. In: Proceedings of 2015
International Conference on Intelligent Computing and Internet of Things. ICIT 2015, pp.
1-4 (2015). doi: 10.1109/ICAIOT.20 15.7111524

24. Klerkx, L., Jakku, E., Labarthe, P.: A review of social science on digital agriculture, smart
farming and agriculture 4.0: New contributions and a future research agenda. NJAS -
Wageningen Journal of Life Sciences, vol. 90-91, pp. 1573-5214 (2019) doi:
10.1016/j.njas.2019.100315

25. Rose, D. C., Chilvers, J.: Agriculture 4.0: Broadening responsible innovation in an era of
smart farming. Front. Sustain. Food Syst., pp. 1-7 (2018) doi: 10.3389/fsufs.2018.00087

26. Lui, Y., Ma, X., Shu, L., Hancke, G. P., Abu-Mahfouz, A. M.: From industry 4.0 to
agriculture 4.0: current status. Enabling Technologies, and Research Challenges, vol. 17,
no. 6, pp. 4322-4334 (2020) doi: 10.1109/T11.2020.3003910

27. Zhai, Z., Martinez, J. F., Beltrdn, V., Martinez, N. L.: Decision support systems for
agriculture 4.0: Survey and challenges. Computers and Electronics in Agriculture, vol. 170,
pp- 1-16 (2020) doi: 10.1016/j.compag.2020.105256

28. Raj, M., Gupta, S., Chamola, V., Elhence, A., Garg, T., Atiquzzaman, M., Niyato, D.: A
survey on the role of internet of things for adopting and promoting agriculture 4.0. Journal
of Network and Computer Applications, vol. 187, 1-29 (2021) doi:
0.1016/j.jnca.2021.103107

29. Pspocsi, L., Csoto, M.: Digital excellence in agriculture in Europe and Central Asia, good
practices in the field of digital agriculture stocktaking report. ITUand FAO, pp. 1-196
(2021)

Research in Computing Science 150(11), 2021 40 ISSN 1870-4069



30.

31.

32.

33.

RNN-LSTM Applied in a Temperature Prediction Model for Greenhouses

Xue, C., Dongming, L., Limin, S., Zhenhui, R.: A virtual sensor simulation system of a
flower greenhouse coupled with a new temperature microclimate model using three-
dimensional CFD. Computers and Electronics in Agriculture, pp. 1-14 (2021)

Singh, V. K., Tiwari, K. N.: Prediction of greenhouse micro-climate using artificial neural
network, applied ecology and environmental research, pp. 767-778 (2017)

Xike, Z., Qiuwen, Z., Gui, Z., Zhiping, N., Zifan, G., Huafei, Q.: A novel hybrid data-driven
model for daily land surface temperature forecasting using long short-term memory neural
network based on ensemble empirical mode decomposition. International Journal of
Environmental Research and Public Health, pp. 1-23 (2018)

Hongkang, W., Li, L., Yong, W., Fanjia, M., Haihua, W., Sigrimis, N.: Recurrent neural
network model for prediction of microclimate in solar greenhouse. Science Direct, pp. 790—
795 (2018)

ISSN 1870-4069 41 Research in Computing Science 150(11), 2021



